The rapid growth of blended and online learning models in higher education has resulted in a parallel increase in the use of audio-visual resources among students and teachers. Despite the heavy adoption of video resources, there have been few studies investigating their effect on learning processes and even less so in the context of academic development. This paper uses learning analytic techniques to examine how academic teaching staff engage with a set of prescribed videos and video annotations in a professional development course. The data was collected from two offerings of the course at a large research-intensive university in Australia. The data was used to identify patterns of activity and transition states as users engaged with the course videos and video annotations. Latent class analysis and hidden Markov models were used to characterise the evolution of engagement throughout the course. The results provide a detailed description of the evolution of learner engagement that can be readily translated into action aimed at increasing the quality of the learning experience.
Introduction
With the rise in interest in blended learning, flipped classroom, and online learning approaches across the higher education sector there is a growing need for professional development of teaching staff. The inclusion of these technology rich environments places higher demands on teaching staff to revise their teaching approaches and develop new technological and pedagogical skills. While the adoption of online technologies is certainly an element of these new teaching approaches, the role of professional development programs should be to facilitate the effective integration of online technologies with student-centred leaning experiences (Torrisi-Steele & Drew, 2013) . Rather than focusing solely on developing the technological skills of academic teaching staff, their understanding of effective socio-constructive learning strategies will further allow them to adjust their lecturing role to that of a facilitator guiding students' knowledge and skill development. Hence, professional development programs should provide opportunities for teaching staff to develop their conceptions of learning and teaching, and guide them towards more facilitation (Owens, 2012) . One such way to foster reflection and understanding of effective learning strategies alongside experiencing the use of new online technologies, is by integrating multimedia case-based learning providing opportunities to broaden awareness, views, and understanding (Koury et al., 2009) . Case-based learning involves the provision of different learning and teaching related cases presented in videos typically followed by discussion and instructional guidance. This approach has been shown to develop analytical and reflective skills as learners are exposed to multiple perspectives (Goeze, Zottmann, Vogel, Fischer, & Schrader, 2014) . However, while online technologies and video case studies are beginning to be integrated into professional development programs, there is limited research on how academic teaching staff actually engage with a case study presented in the form of a video to aid their learning.
While prior research has often used self-reports to investigate the use of videos in the curriculum (Giannakos, 2013; Yousef, Chatti, & Schroeder, 2014) , more recent advances in analytics techniques afford new opportunities to capture objective and nuanced data from the learners' clickstream. The analysis of this behavioural data can provide insight into how learners engage with videos as part of their course learning activities (Brooks, Epp, Logan, & Greer, 2011; Giannakos, Chorianopoulos, & Chrisochoides, 2014 . These forms of video analytics, can be extended beyond the clickstream data, such as video play, pause, forward, and rewind events, to include other associated learning activities (e.g., video annotations or invideo quizzes) (Mirriahi, Liaqat, Gašević, & Dawson, 2016) . The analysis of this data can assist in developing models for early identification of learners who are not engaged or undertaking less optimal learning pathways or study behaviour. Furthermore, user-engagement data can inform future changes to the learning design or provide grounds for actionable interventions. For example, Li, Kidziński, Jermann, and Dillenbourg (2015a, 2015b) analysed learners' interactions with course videos in the context of two MOOCs, with the aim to identify study strategies indicative of possible difficulties experienced by a learner in understanding a video.
Study strategies derived from trace data about learners' interaction with videos can be indicative of theoretical constructs such as cognitive load (Paas, Tuovinen, Tabbers, & Van Gerven, 2003; van Gog & Paas, 2012) . Differences in study strategies can be between students who may have experienced a higher level of cognitive load and their peers who did not; for example, higher rewind and pause rates for students experiencing a higher cognitive load are observed by colleagues (2015a, 2015b) . Differences in study strategies are also found to be significantly associated with student performance (Li et al., 2015a (Li et al., , 2015b . This suggests that the analysis of user trace data can potentially reduce the reliance on self-reported instruments as a measurement of cognitive and provide insights into (a) how study processes unfolded over time; and (b) what impact curriculum practices had on the study processes.
The study reported in this paper focuses on a professional development program using a case-based learning theoretical approach. The study used analytic techniques to examine how participants engaged with the video case studies and associated online activities to provide insight into their learning behaviour and adopted learning strategies, and contribute to the revision of future program offerings. The incorporation of learning analytic techniques affords an opportunity to examine how users navigate the course activities and how they apply specific technologies to aid their learning progress (e.g., Jeong, Biswas, Johnson, & Howard, 2010; Lust, Elen, & Clarebout, 2013a , 2013b .
Self-regulated learning and learning strategies
Professional development programs are lifelong learning experiences involving adult learners, and typically require their active engagement and self-regulation. This work is underpinned by the theory of selfregulated learning (SRL), and in particular by Winne and Hadwin's (1998) model of SRL. According to this model, learners are active agents who use cognitive, physical, and digital tools to operate on raw information in order to create products of learning. Learners regulate their learning by continuously evaluating the quality of their products and effectiveness of the chosen study tools and tactics. This process, known as metacognitive monitoring, is influenced by internal and external conditions. The former includes, a learner's level of motivation, prior knowledge, and affective states. The latter (i.e., external conditions) are determined by the elements of the instructional design (e.g., the teacher's role, course requirements, and availability of feedback). Learner's agency is also evident in the decisions the learner makes regarding the study tools and tactics they use to meet the requirements of the learning tasks.
According to Winne (2006) , one of the key self-regulatory skills is the learner's capacity to choose a strategy that is optimal for the given internal and external conditions, and to adapt it as the conditions change. Learning strategy includes "any thoughts, behaviours, beliefs or emotions that facilitate the acquisition, understanding or later transfer of new knowledge and skills" (Weinstein, Husman, & Dierking, 2000, p. 727) . Hence, learning strategy is a latent construct that can neither be observed nor directly measured or assessed. Earlier research aimed at examining learning strategies mostly relied on learners' self-reports to acquire insights into strategies adopted by the learners. However, this data source suffers from deficiencies such as inaccuracy, due to the poor recall of prior behaviour (Winne & Jamieson-Noel, 2002) or high level of cognitive load placed on the participants (Winne, 2013) . When learning is done in digital environments, the data collected from the tools and services the students interact with during the learning process represent a better data source for studying learning strategies (Winne, 2013) . Individual events logged in trace data can be considered proxies of primitive learning, whereas behavioural patterns (i.e., patterns of events) mined from the trace data can be considered as manifestations of the adopted study tactics and strategies (Winne, 2013) .
The study presented in this paper examines learning strategies of teaching staff enrolled in a professional development program by relying on the user trace data collected from a video annotation tool used as the primary learning tool in the program. To extract learning strategies from the collected trace data, we relied on unsupervised statistical methods, such as clustering and hidden Markov models, which have proven beneficial for mining latent, unobservable constructs from learning traces (e.g., Blikstein et al., 2014; Kovanović, Gašević, Joksimović, Hatala, & Adesope, 2015; Lust et al., 2013a) .
Engagement with course videos
While few studies have investigated how teaching staff engage with instructional videos in professional development programs, there are numerous studies focusing on student engagement with videos and their associated activities (e.g., quizzes or annotations) in formal higher education courses. The findings indicate that there are identifiable patterns of user behaviour, indicative of students' learning strategies that can be used to inform teaching practice, support interventions, and course learning design. Most commonly, these analyses and their findings are used to identify groups of students with low or insufficient levels of engagement that may adversely impact their overall academic performance. For instance, Lust and colleagues (Lust et al., 2013b; Lust, Vandewaetere, Ceulemans, Elen, & Clarebout, 2011) identified different students' strategies related to the use of various learning tools available within a learning management system (e.g., video recorded lectures and practice quizzes). In particular, based on the identified strategies, Lust et al. (2013b) recognised four groups of students: no-users, intensive users, selective users, and limited users.
Further, studies have examined the role of students' note taking (length and frequency) of lecture videos (Mu, 2010) and patterns of student engagement with lecture videos. For example, Brooks et al. (2011) identified five groups of students based on the detected patterns of student engagement with lecture videos: minimal active learners, highly active learners, deferred learners, and just-in-time learners. Similarly, Phillips, Maor, Presto, and Cumming-Potvin (2012) revealed ten engagement patterns. The groupings ranged from students who did not access the videos at all (non-users), those who only accessed the videos once (random and one-hit wonders), those who only accessed the videos 2 weeks prior to a final exam or assessment task (crammers), and those who accessed the videos weekly (conscientious). While these studies show how video analytics, can help reveal simple patterns in students' engagement that can promote the integration of learning support interventions or provide insight in the course design, other studies have specifically explored the use of video annotations as a pedagogical approach.
Various video annotation software have been integrated into teaching practice (e.g., Mirriahi & Dawson, 2013) . One of the earliest video annotation tools, the Microsoft Research Annotation System (MRAS), enabled students to make notes (e.g., time-stamped annotations) on particular sections of a video they perceived useful compared to traditional note-taking in live lectures (Bargeron, Gupta, Grudin, & Sanocki, 1999) . Other annotation tools, such as the Media Annotation Tool (MAT) had similar features to MRAS but with the additional functionality of annotating any type of media and sharing annotations with peers and teachers leading to more collaborative reflective learning. This tool has been previously used in academic professional development (Colasante, 2011) . Feedback from students revealed their appreciation of peer and teacher feedback and an enhancement of their overall learning. However, the data used for the study was largely based on self-reported information collected via pre and post surveys and interviews, albeit also included direct observations of student and teacher interactions with MAT. Recent studies (Gašević, Mirriahi, & Dawson, 2014; Pardo et al., 2015) have used video analytics techniques to analyse detailed event streams and investigate how first-year university students use and engage with video annotation tools.
The study described in this paper extends the current state of the art in learners' study strategies by applying learning analytic techniques on data captured by a video annotation tool in the context of a professional development program. In addition, unlike the majority of reported studies on student learning strategies that consider learning strategies as fixed constructs (i.e., once adopted stay the same throughout the course), we argue that learners change and adapt their strategies. In particular, as per our theoretical model, grounded in the Winne and Hadwin's (1998) model of SRL, we posit that learners tend to change their study tactics and strategies as a consequence of the changes in the external and internal conditions. Given that we are interested in lifelong learners and their professional development activities, different external pressures (e.g., those associated with their job) may force them to change learning strategies from one week to the next. Therefore, in this paper, we aim to study how learning strategies -derived from the collected trace data -change from one study unit to the next to account for the potential changes in external and/or internal conditions of the learners. In addition, we show that identification of study strategies, and especially their changes over time can offer insights into the effectiveness of the deployed learning design and indicate changes that might be required.
Research design
The study draws on user data generated from interaction with course videos and associated annotations to identify how teaching staff in a higher education institution engage with video case-studies in a professional development course. More precisely, relying on the theoretical framework by Lockyer, Heathcote, and Dawson (2013) that connects learning analytics and learning design, the study explores types of user engagement patterns (indicative of users' learning strategies) that could inform subsequent revisions of the course design. Additionally, the study examines variation in engagement patterns over time in order to determine how often and in what way teaching staff change their learning strategies related to video case studies, so that program coordinators can anticipate such changes and provide appropriate support. Aiming to ensure high effectiveness of the learning experience, the presented study seeks to develop a model that can predict an individual's level of engagement at different points during the program.
Research questions
The study seeks to answer the following research questions:
1. What kinds of study strategies related to the use and annotation of the course videos can be detected in a case-based professional development program? 2. Can we detect common trajectories of learning strategies; that is groups of learners that may change their learning strategies during the program in a similar way? 3. Can a model be developed to predict a learner's trajectory of learning strategies within the program?
Context
This study took place at a large research-intensive higher education institution in Australia. The institution provides a non-accredited professional development program for its teaching staff to learn about effective learning and teaching strategies, reflect on them, and consider how they may apply them to their own teaching contexts. Program participants nominate themselves for enrolment. Participants are typically early career academics, but the program also includes more experienced teaching staff as well. The program is offered through blended delivery each semester and comprises of five modules each of which includes a combination of online activities and one face-to-face session. The intended learning outcomes of the professional development program were for teaching staff to be able to review their teaching and learning practice by drawing on various sources of evidence and subsequently plan effective activities and assessments. Program participants demonstrated achievement of these learning outcomes by completing a reflective e-portfolio. The learning activity central to this study involved a series of video case studies discussing various teaching strategies and issues that teaching staff commonly face.
The use of the open source Online Video Annotation for Learning (OVAL) software was piloted in the program in semesters 1 and 2 in 2015 to raise awareness of different online learning strategies and to prompt staff to reflect on their teaching strategies. OVAL was developed from the Collaborative Lecture Annotation System.
Teaching staff were requested to watch the video case studies using the OVAL software and post their individual annotations on the particular segments of the video that they related to, or considered interesting. Such annotations, tied to particular video segments, are referred to here as time-stamped annotations. Participants were then asked to review their time-stamped annotations and make a general annotation (nontime stamped) sharing their overall reflection on the video. All participants could view their peers' time and general annotations as well as their own. The enrolled teaching staff had further opportunity to discuss their view on the topics explored in the video case studies when they attended the face-to-face sessions. For the first module, the video annotation activity was a post-activity that they were asked to complete after the face-to-face session. However, for the remaining four modules, the video annotation activity was a preactivity whereby the enrolled students were encouraged to complete the activity prior to attending the faceto-face session where the video and their reflections on it were discussed.
Sample
The study included teaching staff enrolled in two offerings of the professional development program in Semesters 1 and 2 of 2015. In Semester 1 (S1), 77 teaching staff enrolled in the program and 68 of them used the video annotation tool. In Semester 2 (S2), 86 teaching staff enrolled in the program and 59 of them used the tool. The teaching staff members were at various levels of their careers and from a range of disciplines within the institution.
Data collection and analysis methods
Following institutional ethics approval, the data for the study was obtained from de-identified user logs from the OVAL video annotation tool. The analysis method consisted of three stages, each building on the previous, and thus gradually providing a deeper and more detailed insight into the learners' engagement patterns and study strategies. The method was applied to both offerings of the program in 2015, referred to hereafter as S1 and S2.
The first stage aimed to address the first research question. Here we applied a hierarchical clustering algorithm to the log data from the users' engagement with the OVAL video annotation tool in each module of the program. This enabled us to identify groups (clusters) of teaching staff with similar engagement patterns (i.e., learning strategies) in each module. Having repeated the clustering procedure with the log data from each of the program modules, we obtained for each user, a sequence of module-level cluster assignments. At the end of this data analysis stage, each user was described with a vector of five numerical values, each one representing the cluster assignment in the corresponding program module (i.e., identifying the user's learning strategy in the respective module). These vectors served as the input for the next data analysis step. For example, for a discrete user, we refer to here as Tom, this clustering step would produce the following numerical sequence for the period S1: (1, 2, 3, 3, 4) . This means that, based on the features of Tom's learning strategy in Module 1, he was assigned to Cluster 1, which after inspection of the strategy features we labelled active; in Module 2, he was assigned to Cluster 2 (satisfying module requirements) and so on.
The second stage of our analysis was focused on the second question and involved identifying common trajectories of learning strategies within the program, that is, the subpopulations of teaching staff with similar sequences of learning strategies identified in the clustering stage. To this end, we used latent class analysis (LCA). The algorithm identified subpopulations of teaching staff whose learning strategies related to the use of the videos and video annotation tool changed in a similar manner over the five modules of the program. We refer to the LCA results as trajectories (of learning strategies) since each one represents a trajectory or path of a group of learners who exhibited similar dynamics in their engagement patterns (i.e., learning strategies) within the program. Continuing with our example, based on this sequence of study strategies in S1 (active, satisfying module requirements, active, highly active, minimalist), user Tom would be assigned to Trajectory 1 (Figure 3 ), a trajectory common to a small group of users who stayed (more or less) active throughout the program.
Although LCA grouped teaching staff based on similar trajectories, the results did not show how likely a user was to preserve or change his/her strategy from one module to the next. To be able to predict changes in the users' learning strategies, and thus answer the third research question, the final data analysis stage consisted of modelling users' progress though the course as a hidden Markov model (HMM). In each module, a user exhibits a particular pattern of engagement with the OVAL tool which is modelled as a state in the HMM terminology. We expected that these states would correspond to the learning strategies identified in the clustering step. For example, we expected that one state might have been characterised by the engagement with the module videos and the annotation tool, but not beyond the level of the module requirements, thus corresponding to the satisfying module requirements strategy (identified in the clustering step). Even though HMM is based on the assumption that the next state depends only on the immediate previous state, which in the context of learning is not entirely correct, it has been shown that this statistical simplification leads to models that capture meaningful patterns and offer predictions of student behaviour (e.g., Blikstein et al., 2014; Jeong et al., 2010) . The HMM provides a transition matrix with the probabilities of the transitions among states (including continued stay in the same state), so that in each module and for each user we can estimate how likely it is that they will keep the same or change their learning strategy. For example, if our user Tom is in the active state (i.e., learning strategy) and the transition matrix indicates that there is 0.33 chance of preserving that state and the probabilities to transitioning to other states (i.e., changing strategies) are significantly lower (Figure 4) , we can expect that Tom will stay active in the next program's module, as well.
The following subsections provide a detailed description of the analytical methods undertaken in each of the noted three stages of analysis.
Clustering
In order to identify learners' engagement patterns with videos and the video annotation tool, the following set of features indicative of students' engagement (Mirriahi et al., 2016) were computed for each user and each program module:
• Features related to primitive learning operations (Winne & Hadwin, 1998) :  Fast-forward: number of video forwarding events.  Rewind: number of video rewind events.  Non-stop: number of times the videos were played entirely without transitioning to another activity.  Pause: number of times the videos were paused.  Time watched: time videos were played (in seconds).  General annotations total: number of general annotations added to the videos.  Time-stamped annotations total: number of time-stamped annotations added to the videos.  Annotations edited: number of edit operations on the video annotations (either general or time-stamped).  Annotations deleted: number of annotations deleted.
• Features indicative of the overall coverage in student engagement (i.e., to what extent they were active in all activities planned in the learning design):
 Videos with general annotations: number of videos with at least one general annotation.
 Videos with time-stamped annotations: number of videos with at least one time-stamped annotation.
• Features related to time-management, as time management is one of the key issues in SRL and important to consider when studying learning strategies (Zimmerman, 2008) :
 Earliest annotation added: length of time interval between the video being available and the first annotation (averaged across all videos, expressed in hours).
 Latest annotation added: length of time interval between the video being available and the time of the last annotation (averaged across all the videos, expressed in hours).
• Density of the transition graph: a transition graph was created for each participant, based on an adjacency matrix in which rows and columns were the types of events logged by the video annotation tool (value of element aij represents the frequency of event type i being followed by event type j). The density of the resulting transition graph reflects the extent of the users' experimentation with different learning strategies, and thus, his/her level of metacognitive monitoring activity (Hadwin, Nesbit, Jamieson-Noel, Code, & Winne, 2007) .
The grouping of users with similar patterns was done using Ward's (1963) hierarchical clustering method with the normalised variables.
Latent class analysis
Latent class analysis (LCA) is a subset of structural equation modelling that allows for finding groups or subtypes of cases in multivariate data (McCutcheon, 1987) . It has been widely used to establish a typology of practices, profiles, and characteristics of individuals or phenomena. Having identified groups of teaching staff sharing common patterns of engagement within a module, the next step was to look for patterns in their engagement throughout the whole program. We identified three to five module-level clusters indicative of the study strategies adopted by each teaching staff participant. Each individual was associated with one cluster per course module, and henceforth a sequence of cluster assignments for the entire program. Since the professional development program consisted of five modules, the obtained sequences consisted of five nominal variables, each one representing the cluster the individual was assigned to in each module. These sequences were used as feature vectors for building the LCA model.
To decide on the number of clusters we relied on statistical information criteria, namely Akaike information criteria (AIC) (Akaike, 1973) and Bayesian information criteria (BIC) (Schwartz, 1978) . Although there are no strict evaluation guidelines, LCA models that minimise the values of AIC and/or BIC, and with the Log Likelihood value closer to zero indicate a better fit, provided that the model has a good theoretical interpretation. LCA was performed using the PoLCA package (Linzer & Lewis, 2011) of the R statistical language.
Hidden Markov models
The feature set used for building the HMM consisted of nine categorical variables derived from the features used for clustering. The number of states is estimated based on the number of recurring module-level clusters identified in the first stage of data analysis. The HMM model was built using the depmixS4 package (Visser & Speekenbrink, 2010) of the R statistical language.
Results

Module-level learning strategies -Research question 1
The clustering algorithm grouped teaching staff based on their patterns of engagement with the tool in each module of the program. The algorithm was applied to both offerings of the program (S1 and S2). Depending on the module, the results included either 3 or 4 groups of teaching staff exhibiting common engagement patterns indicative of the adopted learning strategies. Figure 1 shows the result for S1 and Figure 2 the result for S2. In both figures, each row corresponds to one module and shows the identified learning strategies and their level of presence in the corresponding module, that is, the percentage of the teaching staff with that strategy in the given module.
The identified strategies are:
• Active -This strategy is characterised by high level of engagement with the videos and the video annotation tool, and high number of authored/edited general and time-stamped annotations. The user who adopted this strategy were typically the first to annotate. The label is applied in the same sense as intensive users, those who made an effort to engage with all learning tools frequently and in an intensive manner (Lust et al., 2011) , cyber cartographers who were goal-oriented and demonstrated self-efficacy (Barab, Bowdish, & Lawless, 1997) , highly active learners (Brooks et al., 2011) , or conscientious learners who engaged with lecture video regularly on a weekly basis (Phillips et al., 2012) .
• Satisfying module requirements -The group with this strategy was engaged with the module videos and the annotation tool, but not beyond the level of the module requirements. The label for this strategy is based largely on get it done approach users (del Valle & Duffy, 2009), selective users who used technology strategically and were goal-oriented (Lust et al., 2011) , or dominators who demonstrated focus and were goal-oriented (Cleave, Edelson, & Beckwith, 1993) .
• Catching up with the program requirements -This strategy is characterised by a moderate level of engagement with videos and annotations, and by engagement with videos of not only the current module, but also those of the previous modules, and doing it for the first time. This label is based loosely on deferred learners who accessed video lectures only towards the second half of the semester rather than regularly from the beginning (Brooks et al., 2011 ).
• Minimalists -The strategy shows marginal level of engagement with the video and low number or non-existing annotations. The label is based loosely on the term described by del Valle and Duffy (2009) , and the minimal active learners described by Brooks et al. (2011) .
• Disengaged -This label is used for users who did not interact with the videos nor the video annotation tool. The label is adapted from the no-users category proposed by Lust et al. (2013b) or non-users who did not engage with lecture video recordings (Phillips et al., 2012) . The results show that modules have teaching staff with almost all kinds of identified learning strategies in both offerings. The only exception is the group with exceptionally high level of engagement -highly active strategy -which is present only in two modules of the S1 offering.
Program-level trajectories of learning strategies -Research question 2
The evaluation metrics used to assess the LCA models are outlined in Table 1 . We examined models with up to 4 classes. For the given sample size, models with more than 4 classes could not be built (the sample size was insufficient for the estimation of the model parameters). For the S1 offering, the metrics were not conclusive -the AIC metric suggested a 3-class model whereas BIC pointed a 2-class one. The model with 3 classes was chosen because it provided a more meaningful interpretation. This model is depicted in Figure  3 . Figure 3 . Trajectories of learning strategies obtained for the S1 offering. For each trajectory, the figure displays probability distribution for the six learning strategies.
For the S2 offering, the AIC metric identified the model with three classes (i.e., 3 trajectories) as the best one. The model for S2 is depicted on Figure 4 . Figures 3 and 4 provide a visual representation of the trajectories adopted by the learners and how they evolve over time.
Model of strategy dynamics during the program -Research question 3
The HMMs were calculated to provide insight into the dynamics of engagement with the videos and annotation during the program. A model was built for each of the two offerings. The number of states (ns) for the models was estimated based on the number of recurring module-level learning strategies identified in the first stage of the data analysis. Thus, we assumed the existence of five states (ns = 5) in each model, but also built models with ns ± 1 states. After examining the resulting models for different ns values, the models with five states were chosen for both offerings.
An HMM model provides, for each state, the estimated values for the feature set used. The examination of these values allowed to assign labels to the states of the resulting HMMs. Since the states correspond to the manifestations of the learners' strategies (as per our theoretical model), hereafter we refer to those states as learning strategies. Figure 4 . Trajectories of learning strategies obtained for the S2 offering. For each trajectory, the figure displays probability distribution for the six strategies.
As we assumed, the learning strategies identified with HMMs corresponded to the strategies identified in the first stage of our data analysis method. In particular, we identified four common strategies shared by S1 and S2 offerings: active, satisfying module requirements, minimalists, and disengaged. The strategy specific to the S1 offering is characterised by the learning behaviour of teaching staff that is somewhere between being completely disengaged and minimally engaged, and thus is labelled disengaged/minimalists. The strategy specific to the S2 offering is about the engagement pattern that we already encountered in the clustering step and labelled as catching up with the program requirements. For both offerings, the strategy with the highest probability to be the initial one is the one labelled as disengaged. Figure 5 depicts, for each module of the S1 program offering, the number of teaching staff per learning strategy identified by the HMM (each individual is associated with his/her most probable strategy in the given module). The figure show that the percentage of learners with the strategy satisfying module requirements stayed quite stable throughout the semester. Figure 6 illustrates the distribution of individuals' most probable learning strategies in each module of the S2 offering. Clearly, a large majority of teaching staff (45 out of 59) exhibited complete lack of engagement during the first module. This changed significantly in the subsequent module where many of those previously disengaged, took a more active role and adopted one of the other four strategies: minimalists (14), active (9), satisfying module requirements (5), or catching up with the program requirements (5). During the modules 2, 3, and 4, the distribution of the teaching staff across the strategies stayed rather stable, to change only in the last module when primarily some of the active teaching staff transitioned to a lower pattern of engagement (minimalists or disengaged). Figure 5 . Distribution of teaching staff across the most probable learning strategies in modules (M1-M5), S1 offering.
Discussion
The results provide an increasing level of insight into the patterns of engagement (i.e., manifestations of the learning strategies) of the teaching staff enrolled in the program offerings. The results in the first stage pointed to five learning strategies. The strategies we refer to as active and disengaged were expected to appear in this analysis. The minimalist strategy is characterised by barely present engagement with the videos and video annotation tool. It was not a frequently adopted strategy, and was mostly present in the first and the last module of both offerings. The remaining two strategies, satisfying module requirements and catching up with the program requirements capture highly valuable patterns of engagement. The former characterises regular engagement with the activities but not beyond the level required by the module. This strategy provides a valuable reference of the reasonable dedication and effort that can be assumed by program participants. Fluctuations in the level of presence of this strategy over the course of the semester would point to modules that have unreasonable requirements. In contrast, the same transition in S2 had the opposite effect. The number of teaching staff who were active or satisfying the module requirements increased significantly. Program coordinators may use this information to investigate the differences in the delivery and identify those conditions that are more conducive to engagement with module activities.
Finally, the strategy labelled catching up with the program requirements also provides insight about learners exhibiting erratic patterns of engagement but still committed to the program. Fluctuations in this strategy would point to special circumstances surrounding the delivery, or even increased level of dedication to certain modules. In the context considered in this paper, the presence of this learning strategy is an important indicator for the need for remediation actions, and/or adjustments in the design. Program coordinators may take additional measures to accommodate the needs of teaching staff enrolling in the program or redesign the video annotation activity in the first module altogether. The results obtained in the first stage of the analysis clearly point to the fact that teaching staff are likely to change their strategies during the learning experience. This finding relates to our second research question which was further explored using the LCA method. The obtained results offer insight into which trajectories or changes in the learning strategies are more likely to occur. The three trajectories identified in S1 ( Figure  3 ) divide users into those that are very likely to sustain their engagement (Trajectory 1), those that remain disengaged (Trajectory 2), and those that fluctuate between minimalists and satisfying the module requirements (Trajectory 3). Program coordinators may use this to contact participants adopting a disengaged trajectory to discuss how the program fits with the rest of their responsibilities and assess their motivation and commitment.
The model resulting from LCA does not predict whether and how learners may change learning strategies from one module to the next. Hidden Markov Model has such a predictive capacity, and was used to address our third research question. Figure 5 shows that staff have a strong probability of remaining disengaged, but there is also a small probability for them to adopt a minimalist strategy. On the other hand, the most likely transition from the minimalist and minimalist/disengaged strategies (aside from preserving those strategies) is to become disengaged. Program coordinators can use these probabilities to suggest the actions that will prevent disengagement and lead to the adoption of more engaging strategies.
Conclusion and future directions
The study showed that participants in a professional development program do not rely on the same learning strategy for the entire program. Rather their strategies tend to change, and in order to explain those changes, researchers need to account for internal and external conditions of the participants' learning context. The Self-regulated learning theoretical framework (Winne & Hadwin, 1998) allows to establish direct connections between the elements in the learning environment (activities requiring the use of video and annotations) with personal beliefs, goals and strategies. The results described in the study show how learner strategies can be differentiated, and therefore offer the possibility of injecting actions into the environment personalised for every student. Additionally, the strategies learners adopt are mediated by their context, and as a consequence, a detailed characterisation of this element would also enhance the capacity to deploy a more personalised support. This would require the involvement of the learners themselves, and can be done, for example, by conducting interviews with learners to obtain information about their work-related context, and/or asking learners to take field notes to explain the reasons for some of their activities.
Another implication of the presented study is that the peculiarity of work related contexts of lifelong learners in professional development needs to be taken into account in order to optimise their opportunities for deeper engagement with professional development programs. This further implies the need to study pedagogical and other organisational models to find those that would best meet the needs of learners with hectic working life and many activities competing for rather limited time available in their busy schedules.
The limitations of this study points to several directions for further research. A more in-depth study is required to explore an approach to formally transform the insights derived from this study into actionable items. In particular, the information mined from log data could inform the design of a program that provides support actions depending on the detected trajectories. Further, this study only focused on quantitative data, hence, another future direction is to combine quantitative and qualitative information to unpack the reason for the different engagement patterns. Additionally, the quality of the video annotations has not been considered in the study. Future research should consider qualitatively assessing the video annotations alongside quantitative measures used in this study. Finally, the results also point to the need to explore a more holistic view of learner support with actions targeting aspects such as motivation, self-regulation and effective learning.
